-

CT Foundation Model 7|l Attention PoolingS &£35

| —
=< RIS} H=2 HFH
CT E‘I'F E%‘I' ™ TT OI-I:I%
274 Ay &', iz g, He|
DEistn M Est HEE S}

{gangsu1813, kjrnny2, jy_bae, wkjeong}@korea.ac.kr
Multi-Disease Abdominal CT Classification Using Attention

Pooling Based on CT Foundation Model Features
Gangsu Kim*o, Jaehyo Kwak*, Jiyeong Bae*, Won-Ki Jeong
Department of Computer Science and Engineering, College of Informatics, Korea
University
{gangsu1813, kjrnny2, jy_bae, wkjeong}@korea.ac.kr

of
Computed Tomography(CT)= S8 27| A2k 2IH9| i £HO[L, 3D &5 OIO|EQ 1Xt

YT YY Y Y B2 BRY BHE A5 UT TY 129 2 YO4BOITh AT i
B AtHskE Foundation Modelo| S¥3elL, O|F £ HE &F0 2Hast= 8T O HH
1= oMs| O|H|stt = A &&d CT Foundation Model® 3D &7t 4= =it
Moz &8st7| #all Cross-Attention Pooling 7|8e| B3 75 WHES #|Qtstt. 5] 4
7|0 Z&3h= Foreground mask 7|®¥, 23| st&5E82 TAMSIE Multi-LR Head ¥4tE, 1
2|2 Logit Bias 7|5te] Y| 3t A2atE ST MY A, AMOSS Eget 1774 UE of
Z0|M F- Balanced Accuracy 0.7288 7|&3tH 7|& H|0|A2}Ql OfH| 3.0%p2 {2J0|5t
5 gae YEsIAT
1.4 2 z|Asict. EM, ©Y StE UWolM  ZHQ  learning
Computed Tomography(CT)E E&3sF OF 2 A5 rate(lr)2t Feed Forward Network(FFN)Q| 8&2 AASt=
A2 AL OINZAY F 850 E4LAo|Dh 22 Medical Multi-LR Head % Hyperparameter Sweep &g 5ol st&
Foundation Model( M)o SZtoz Hezol 3D EZ 2£0| 82 =Mty MM, Logit Bias ZZstE -850
teoidel, 12td & GHoEoM £ Ao Tast =t S0P 2 2Y A BHY 2HE 2t
Al HMHE  MHESH= Ol E{(Adapter) MA= A5 A3 AW, AMOS @ COVID-CT & 1770 &gk E7oAM 7| &
EAMAQl Aoy, E3| 7|£9 Linear Probe HrAl2 CiH| +0.03 SFAF=l 0.7289] Balanced AccuracyES Y/dstSCt.
ot B2 W= Global Average Poolingd 2|Z5HH = 93=  H&%el AL AEHezR  FMel BHFE
Mg 37 YEE AU, 34T CojE 2IFEOR IS Ijatstol, 43 o= WOl MU TS, AYE UL
Ao F& AALUS st O A7 AU 2H9 JtsdE AAlRH
B oJ0|M = 0|25t A2 ZE57| 3l Cross-Attention 2. A A3
Pooling 7|te] A OlHE JAZE Attt AW, & 2.1 9|2 ¥4 FM
7t&et Query HIEE &&d3i HEE T2 I USst= 2T A= Fd FOFf A= Swin UNETR[1]2f Z2 Transformer
Cross-Attention Pooling 12 & LSt &7 dE &AS 7|8 2E VoCol2] S AH7| Ak &S &3t FM HAL[717t
sty o2fet RES2 0|50 gl= CT CIojHZEH
¥ & A 1 XAt (equal contribution) Hedol E HIZ ZESH ZEHSH Backbone FEES



oA o 6f-rl task29| 2EHQ HO|E 9ITh BF Adapter
A7 YA
2.2 Attention 7|t,l_r EZ =

Transformer[8] 0|&, Set Transformer[9]2} Attention-based
MIL[10] & OIO|Ee 82 FAY YIStz HHYZO| L5

W -

SO 55 MIL 2= g2 F84 22 Al o0z ERAM
HEY Y= UIAHAH. 2 A+4cs OF YO 3D
S0 %

dgt Y YEE MEAMoz  2ES=  Cross
Attention Pooling L2 & |0ttt

oA He| L gojg A
3.1 24 Y

90| 2RL CT 2EO02HE AM s&E FM

OH(Spatial Feature Map)2 YO Z st

2& H&st= 0|2 27 ZHES FE5t= 40|
RMDXHXWXL) (D=1120H=W=L=16)0|2} 3 I,

Ao oyt 0|7L' 2ol = {01}5 (’:Il%?_fur.

M
rin
w
(W)
Jo oh
[~
dm rir
o)J

AW
dm

oo N dn rfr
= X

Jﬂ

10

rf
4w
=2

o oN

rlo

=l
o
AN}
r_oj
ful
Ha
e
10
ox
o|r
oH
rulru
:lQ
=:
uly
£‘-'c
).
T
r:lJ
ol
=2
oy
r\l
r

Balanced Accuracy (BACC)E & Zlﬂi, AUROCE EXZXEZ
AP&StH, Ol Ch&d 20| FEL: BACC = (Sensitivity +
Specificity) / 2
3.2 GlO[E{AN 74
= d0ME 282 HE T
22 3DCT 0[0j3] 7|¢ B2 FO[EM S HESIAC
3.2.1 AMOS [4] 15719 2H Z7| & O|AF 4 &
7 m
z

1o
oE
oo
ox
mjo
154
o[N
ol
N
40
el
o
ojo
&

£735| Total Segmentator 7|Et9| Foreground

azE EY WU HE 2SS dAstL, A 717 Hx|gt
4 FA(RONO| 2 AL 2AHEE YFSATL

3.2.2 LUNA25 [5] o L2 DjN 244 RFE HEsL 582
Holgh ofiEEH #E 2 =4 FH HOEE ol Aeret
Cross-Attention Pooling?] Huwsdt EZ Zzt ==t THQl
Mol 42 AIH

3.2.3 COVID-CT [6] TZLH19 ZrHo| M2 HHPA I e
e AHEh. 2a E7F0| I BEE &SI, =
A1 Logit Bias 7|8F AA Zf /A3t O] HA HolE
RN AYE/28 FEE EUH o2 BYSH=A| It
= Ad= oM Yol EHE 7R 1770 Bt ost
S AAEZ Sl At R A JIR|E YIS

4, A+ HHE

41 M| mo|ZzpQl

5
Foreground Mask & &85t ROI £% MEH,
&

Pooling &

[ = ) [
8 4EARE YE.
4.2 Cross-Attention Pooling 7|9t 212t o HE|
421 ROl S% ME 1774 UF Z sfsrz 97t yast

1174 2 &2 Foreground maskE A&t sy &7 FF<
SHUS MHMHOZ IS HHH, SJsWES, WYY
S, HIEZYEHIW Zo| ZHISHA YMSt= 404 HE2
A CT Volumes YH2Z ArERMLY

4.2.2 Cross-Attention Pooling &% E3% Fpo OIAM &S
M HEBE kst s stE 7tsdt Query (N, =2) &

APERITE WS OE EH 7 £ Crgat 20| MAECE
Z = LayerNorm (FFN(CrossATTN(Q, Fror, Fron)) )
423 B2 E ZIor=l HEH 70| O3 Average Poolin

9=
2t & MY EBI|E HHY 2T SHLE oSt a5
Al0l= CE Loss2 AdamW[11] & Ar8&sIH, 24 24Y
IR -?—|3I1 Weighted Random SamplerE A-83trCt.

StOpCh %A 9| Iearnlng rate (Ir)0| 40|53+ M-S 112{5}09,
Backbone {0 979 2B SHEE BE
of. ZF S=0 1x 107° BE

NN
O|-I'II'LI_w

ON ru X' O rlob
ol rg'u

o
==

r
Irg BYSO| A st 2
HO[E{A 04 BACC 7t 7% &

8

oY OO

4.4 Hyperparameter Sweep & &k Z=F CHEHS}
stE Y2 E9 2H3E ol th2d #2 dES S
441 FFN 8% BEM FFENQ| factor ratio ( fffmus €

{124})S TMSIY 2f HEo| 2/-std Met0|E & ZFrH.
442 Best-per-Target Selection &A 3dh4QF AFH =P
Z3to]| 2t Recipe. A (Focal Loss [3] + Mixup [13] + Cosine
Annealing [12])2} Recipe. B (CE Loss + Cosine Annealing
[12) M2FS 4 U3 §, 2 YBEE 31 Y58 2o

= [=]

Z1Ek=2 7HH:'Z'|2§ HE—|H$_
4.5 Logit Bias 7|8F | ZI HE
22 O oM A 20| M2 WIS BAHSH7| Y5
Logit Bias b & LEQ3tCt QM ZejAol £20| Biass
Z7t5t 28 BAE DMl 28t =

F7H0M 0.01 7HACR EHAMEIH, AE
i3t 2t 2139 YAl Lo AL

5. A4

=]
= o O =
# 12 2 AFM Aot ZF WOl 2F 4sol 012=

HAYE 7|0{& UEfHCE Baseline(2 Ir 7|HF Linear
Probe) OijH| Multi-LR 9-Head A2 = A| BACCZ} 0.014
SFAME| Y O, Hyperparameter Sweepdf H=F CHHSE IHH &
£35lf 0.0279] 27} A4S 7|251LE 2| EXOZ Logit Bias
7)¥ AL HMEHE HEWE 1 07559 BACCE A5,

2
2= Ao 7I¥o] d& o fEYes USorUH. 4



248 J|I{EE EMsHH, Multi-LR & Sweepg 53t st& 5.4 Hyperparameter Sweep?| &1}
HMZF |57t +0.041 SEAQ| = Q0I0|H, Logit Bias 7|4t FFN factor EfAH ZAub AMOS EfZ = 871 O|Ao Sweeps
threshold Z|Mat= +00172 &4 79 Eyxoz S5 ZHE 20| HH M52 HACE ffrm =10
AEFe 22 O EH 7|HAUS BOIB[C Cross- O HLIt A, ffrpmue =29 47t 27 270 UEHO|A
Attention Pooling Global Average Pooling COfH| &7 2| o2 LIEtFCH O|= Z3to| EZFT ot dba{ QkAtof [Mfat
Y HESE 12X 0| JAIL, UE 7|0{E HHH Q7S By 20| HO|ghg o|0j5tD, 2 AO|M st
Hale 35 IH R g7t HEE 2 B MY WY FHYS e
1A YHES THAE 45 I (AMOS 7|F) 6. 28

BACC 55 Y 2 =22 CT FM2| 3D 87 538 ¢8sto] 2% CT OF
Baseline 0697 - U 0|F 2EE 4USHs TO|Z2kOIS HQUSHRUCE. Cross-
+ Multi-LR 0.711 +0.014 Attention Pooling 7| @& &3 7|0 Multi-LR Head Y=,
+ Sweep & Recipe 0.738 +0.027 Hyperparameter Sweep, Logit Bias Threshold ZA3E
+ Logit Bias 0.755 +0.017 ZYstd 7|E d5 OiHl 003 FYdE 07288 FFSIAM.
5.3 e ML o SHAYAH 2XM =Y SHEOCE 97fR| Ir & HE EAHSHE Multi-LR Head
H 2= 1774 & EFAO| i3t Baselinedt #|QF RO H& YAHCE BM HIES FYSIUL, TargetE ZHiI MH
Hl Zuto|ct H|ZH|D] (0.871), 415 (0.859), A|&7f dEfoz HEE A dess SIHSRIYSH, Logit Bias
(0.859) & JEIA HaIt £t HEIM =2 d5= A2 L =0 BHE FeSIAH. 2 H H2
2ot diH, ZHdE (0.623)0|Lf FIZHHEZ (0.481) S2 Hyperparameter F4f, TTA A& T 2 d&& £
O|MI3H GAF 27 P4 ME BE0R AY Y2 458 AE S3F @ 2AIE 8% 27t S5 FEE IR,
7|25t 5] LUNA25S] #9 E0Ql xfo|er 14| i =4
EMAF MS SEAO| A|SHHO|QIOL;, EH U ZHHFO|A L [1] A. Hatamizadeh et al., "Swin unetr: Swin transformers for
MLS spAFS BIOISIACH  COVID-CT?] ZHS  ApHsta semantic segmentation of brain tumors in mri images." MICCAI
HolEjete] E0jQl xfo| U I L W Crrdom ol Workshop, 2022
baseline CjH| AZ 5jatsf 4 A7t [2] L. Wang et al., "Voco: A simple-yet-effective volume contrastive

KLt Liver Cyst= &8 M=
> learning framework for 3d medical image analysis." CVPR, 2024.

HZ3t0) WEFO| WS HoR SHELL,
¥ 2. 334 HZF A5 v (Base vs Ours) [3] Lin, Tsung-Yi, et al. "Focal loss for dense object detection." ICCV,
e BACC AUROC 2017.
o Base Ours Base Ours [4] Ji, Yuanfeng, et al. "Amos: A large-scale abdominal multi-organ
Adrenal Hyperplasia 0643 0714 0676 0714 benchmark for versatile medical image segmentation." NeurIPS,
' | ' | 2022.
Ascites 0.691 0.750 0.691 0.764
Atherosclerosis 0721 0794 0748 0.845 [5] D. Peeters et al., "The LUNA25 challenge: Public training and
' ’ ' ’ development set," 2025.
Cholecystitis 0676 0696 | 0612 0727 P
Colorectal Cancer 0731 0.750 0.766 0753 [6] D. Bell and T. Foster, "Covid-19. reference article." Radiopaedia,
' ’ ' ' 2022.
Fatty Liver 0.846 0.859 0.846 0.851
Gallstone 0.698 0707 0.699 0753 [7] Tang, Yucheng, et al. "Self-supervised pre-training of swin
Hvd hrosi 0.81 3 0-859 0-896 0-865 transformers for 3d medical image analysis." CVPR, 2022.
ydronephrosis . d ’ .
Kidnev Stone 0.658 0.684 0.693 0715 [8] Vaswani, Ashish, et al. "Attention is all you need." NeurIPS, 2017.
i y . 4 . .
Liver Calcifications 0,639 0.667 0.658 0640 [9] Lee, Juho, et al. "Set transformer: A framework for attention-
Liver Cyst 0- 639 0- 623 0. 645 O- 628 based permutation-invariant neural networks." ICML, 2019.
v y 4 . ; .
Liver Lesion 0.664 0.709 0.664 0743 [10] Ilse, Maximilian, Jakub Tomczak, and Max Welling. "Attention-
Lymphadenopath 0.667 0.681 0-661 0.693 based deep multiple instance learning." ICML, 2018.
y y . d . .
Renal Cyst 0.665 0703 0691 0705 [11] Loshchilov, Ilya, and Frank Hutter. "Decoupled weight decay
' | ' ’ larization." ICLR, 2019.
Splenomegaly 0786 0871 | 0873 0920 reguiarization .
COVID-CT 0766 0750 0779 0739 [12] Loshchilov, Ilya, and Frank Hutter. "Sgdr: Stochastic gradient
LUNA25 0-575 0-570 0-561 0'491 descent with warm restarts." ICLR, 2017.
P — 0-699 0.728 0.71 5 0-738 [13] Zhang, Hongyi, et al. "mixup: Beyond empirical risk

minimization." ICLR, 2018.



